Abstract. We developed a unique methodology that spectrally translates the enhanced vegetation index (EVI) across sensors for data continuity based on vegetation isoline equations and derived a moderate resolution imaging spectroradiometer (MODIS)-compatible EVI for the visible/infrared imager/radiometer suite (VIIRS) sensor. The derived equation had four coefficients that were a function of soil, canopy, and atmosphere, e.g., soil line slope, leaf area index (LAI), and aerosol optical thickness (AOT). The PROSAIL canopy reflectance and 6S atmospheric models were employed to numerically characterize the MODIS-compatible VIIRS EVI. MODIS-compatible VIIRS EVI values only differed from those of MODIS EVI by, at most, 0.002 EVI units, whereas VIIRS and MODIS EVI values differed by 0.018 EVI units. The derived coefficients were sensitive mainly to LAI and AOT for the full-and a partial-covered canopy, respectively. The MODIS-compatible EVI resulted in a reasonable level of accuracy when the coefficients were fixed at values found via optimization for model-simulated and actual sensor data (83 and 41% reduction in the root mean square error, respectively), demonstrating the potential practical utility of the derived equation. The developed methodology can be used to obtain a spectrally compatible EVI for any pair of sensors in the data continuity context. © The Authors. Published by SPIE under a Creative Commons Attribution 3.0 Unported License. Distribution or reproduction of this work in whole or in part requires full attribution of the original publication, including its DOI.
Introduction
Spectral vegetation indices (VIs) have been used as proxies to such biophysical parameters as leaf area index (LAI), fraction of absorbed photosynthetically active radiation, and gross primary productivity (e.g., Ref. 1). The normalized difference vegetation index (NDVI), which is the difference between the near-infrared (NIR) and red reflectances divided by their sum, has been the most widely used index in regional to global studies of terrestrial vegetation. In particular, the NDVI time series from the National Oceanic and Atmospheric Administration's (NOAA) advanced very-high-resolution radiometer (AVHRR) sensor series has extensively been used in studies involving climate-vegetation interactions. biomass regions and improved vegetation monitoring through a decoupling of the canopy background signal and a reduction in atmospheric aerosol influences, 8 and complements the NDVI.
where ρ are the total-or partial (uncorrected for aerosols)-atmosphere corrected reflectances, λ n , λ r , and λ b indicate the NIR, red, and blue bandpasses, respectively, L is the canopy background adjustment factor, and C 1 and C 2 are the coefficients of the aerosol resistance term. The coefficients adopted in the MODIS EVI algorithm are L ¼ 1.0, C 1 ¼ 6.0, C 2 ¼ 7.5, Gðgain factorÞ ¼ 2.5.
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A new EVI data record has begun to be collected with the visible infrared imaging radiometer suite (VIIRS) sensor series. 10 The first VIIRS sensor onboard the Suomi National Polar-Orbiting Partnership (NPP) platform was successfully launched in October 2011. VIIRS is slated to replace the NOAA AVHRR sensor series and to continue the highly calibrated data stream begun with EOS-MODIS. VIIRS incorporates many of the technological advancements developed for EOS-MODIS, and a number of geophysical products, termed environmental data records, are produced from VIIRS data, including the NDVI, albedo, and land surface temperature in addition to the EVI. 11 It is vital to evaluate multisensor compatibility of satellite-derived products. [12] [13] [14] [15] Differences in both sensor and/or platform characteristics (e.g., spatial resolution, spectral bandpass, and suntarget-view geometry) [16] [17] [18] [19] [20] and product generation algorithms (e.g., atmospheric correction) 21 can lead to systematic differences in multisensor products. The spectral bandpass is one such sensor characteristic that varies across sensors, requiring investigations, in particular, for multisensor VI and reflectance compatibility. [22] [23] [24] [25] Figure 1 compares, for example, the VIIRS and MODIS spectral response curves for the blue, red, and NIR bands (available at http://mcst.gsfc.nasa.gov/calibration/parameters and http://www.star .nesdis.noaa.gov/jpss/VIIRS.php for MODIS and VIIRS, respectively). The smallest difference is observed for the NIR bands where the VIIRS band covers slightly longer wavelengths than the MODIS counterpart. The largest difference is observed for the VIIRS and MODIS blue bands that are positioned at two disparate wavelength regions while having the same bandwidth. The VIIRS red bandpass is wider than that of MODIS, but encompasses the MODIS red band entirely. Several studies have empirically examined the impact of spectral bandpass differences on cross-sensor EVI compatibility. 12, 26, 27 In their spectral simulation analysis with a set of Hyperion scenes acquired along a tropical forest-savanna ecological gradient in Brazil, Kim et al. 27 found that VIIRS EVI values were larger than MODIS EVI mainly due to their disparate blue bands, with the maximum difference reaching 0.040 EVI units. Miura and Yoshioka 26 also found the same trend in their Hyperion-based bandpass simulation analysis performed over five AERONET sites in the conterminous United States. Fensholt et al. 12 analyzed field measured spectral data at a savanna site in Senegal and found that MODIS EVI was higher than the Satellite Pour 1'Observation de la Terre (SPOT)-VEGETATION counterpart with the slope and offset of a MODIS versus VEGETATION regression line being 1.33 and 0.08. Fensholt et al. 12 also found a reduced consistency between the EVI from these two sensors compared to the NDVI due to the different atmospheric correction schemes of the blue band used in the two sensors, indicating the importance of accurately correcting molecular scattering and absorption effects for the EVI.
In contrast to the EVI, a large number of studies have addressed the effects of spectral bandpass differences on multisensor NDVI compatibility, many of which have resulted in proposing spectral transformation methods (e.g., Refs. 28, 29, and 30). A majority of these studies derived first-or higher-order polynomials that spectrally calibrated the NDVI of one sensor to that of another. 28, [30] [31] [32] [33] [34] This empirical VI-to-VI translation approach has been found effective in reducing systematic differences among multisensor NDVIs.
Other studies weight-averaged several narrow bands of one sensor to simulate a broader band of another sensor where the optimum weight(s) was determined to provide the best NDVI compatibility between the two sensors. [35] [36] [37] This band-averaging approach has only been proposed for MODIS-to-AVHRR, 35, 36 and medium-resolution imaging spectrometer (MERIS)-to-AVHRR NDVI translations. 37 These studies have shown that MODIS and MERIS NDVIs can be made spectrally compatible to AVHRR NDVI. Gao, 36 for example, performed a bandpass simulation analysis using AVIRIS data acquired in Florida and Nevada and demonstrated a 90% reduction in the mean difference between AVHRR NDVI and an AVHRR-compatible NDVI derived with four MODIS bands. Weighted averaging, however, may degrade the enhanced capability of narrow bands by, for example, recontaminating the data with atmospheric water vapor. 36 Likewise, the methodology is only applicable to certain pairs of sensors.
Another set of studies derived cross-sensor spectral transformation equations analytically using vegetation isoline equations. 38, 39 Vegetation isoline equations relate two spectral reflectances at two different wavelengths based on the radiative transfer through the atmosphere-canopy-soil system. 40 This isoline-based approach was used to translate MODIS red and NIR reflectances to the counterparts of Landsat-7 enhanced Thematic Mapper plus (ETM+) and NOAA-14 AVHRR, which resulted in >90% reductions in mean NDVI differences for those sensor pairs. 38 The approach was also used to theoretically investigate intersensor relationships of two-band VIs, 39 including the NDVI, soil-adjusted vegetation index, 41 and two-band EVI (EVI2). 42 Yoshioka et al. 39 found that the two-band VI translation equation was a rational function of the source sensor VI where the coefficients of the equation were a function of soil, canopy, and atmosphere.
In this study, we used vegetation isoline equations and derived a cross-sensor spectral transformation equation for the three-band EVI for MODIS to VIIRS continuity/compatibility. First, the isoline equations were used to obtain band-to-band translation equations from the VIIRS red, NIR, and blue to the MODIS respective counterparts. We then substituted the derived translation equations for the MODIS reflectances in the EVI equation [Eq. (1)], thus formulating a MODIS-compatible VIIRS EVI. In the reminder of this paper, we first describe the derivation along with a brief review of vegetation isoline equations in Sec. 2. The derived MODIS-compatible EVI is then evaluated for accuracy and characterized for sensitivity by a numerical experiment in Secs. 3 and 4. Finally, we present results of the calibration exercises through comparisons of model-simulated and actual sensor data, and examine the practical utility of our translation derivations in Sec. 5.
Derivation of MODIS-Compatible VIIRS EVI
When vegetation canopy spectra are cross-plotted at two wavelengths (e.g., red-NIR reflectance plots), those spectra over a constant canopy and atmosphere [e.g., any constant leaf area index (LAI) and aerosol optical thickness (AOT), respectively] with varying underlying backgrounds can be represented by a line connecting these various background-dependent spectra with a slope and offset specific to those values of LAI and AOT (Ref. 43) . These lines are known as vegetation isolines. 41 Vegetation isoline equations analytically represent the vegetation isolines. 40 Details of and assumptions used in the derivation of the equations are found elsewhere (e.g., Refs. 44 and 45); here we provide a brief review.
The derivation assumes a horizontally infinite homogeneous atmospheric layer. 40, 44, 45 The target surface is assumed to consist of vegetation and bare soil, where the radiative transfer problem in the vegetation-covered and uncovered areas can be simulated independently by modeling a horizontally infinite homogeneous canopy and bare soil, respectively. Under these assumptions, the top-of-atmosphere (TOA) reflectance, ρ, and the reflectance of the surface target, or top-of-canopy (TOC) reflectance, ρ TOC , which is a linear weighted sum of vegetation and soil spectra with a fraction of green vegetation cover, is represented as follows:
where ω is the fraction of green vegetation cover (vertically projected area), T 2 a is the two-way atmospheric transmittance due to molecular and aerosol scattering, T 2 v is the two-way transmittance of vegetation layer, ρ a is the intrinsic atmospheric reflectance due to molecular and aerosol scattering, ρ v is the intrinsic reflectance of vegetation layer, R a is the spherical albedo of atmospheric layer, R v is the spherical albedo of vegetation layer, and R s is the reflectance of soil surface. For brevity, we omit the sun and view angles from Eqs. (2) and (3).
Let two sensors of interest be sensor-1 and sensor-2. The TOA reflectance of sensor-1 at the wavelength λ 1 [Eqs. (2) and (3) for λ 1 ] and that of sensor-2 at the wavelength λ 2 [Eqs. (2) and (3) for λ 2 ] can be related using the relationship for the soil layer, known as the soil line. 46 The linear relationship between any two bands for soil reflectances were assumed as
where the two parameters aðλ 1 ; λ 2 Þ and bðλ 1 ; λ 2 Þ are the slope and offset of the soil line, respectively. After truncating the higher-order interaction terms between the atmosphere and vegetation layers [Eq. (2)] and between the vegetation and soil background layers [Eq. (3)] for λ 1 and λ 2 , R s ðλ 1 Þ and R s ðλ 2 Þ are eliminated using Eq. (4), which derives the vegetation isoline equations.
where
The slope and offset of the vegetation isoline equation [Aðλ 1 ; λ 2 Þ and Dðλ 1 ; λ 2 Þ, respectively] are a function of atmosphere (e.g., AOT) and vegetation biophysical (e.g., LAI) conditions, but independent of canopy background brightness. Errors due to the truncation of the higher-order terms are reported minimal, but larger for brighter soil backgrounds. 40 In MODIS and VIIRS products, the input reflectances for the EVI computations are TOC reflectances, or corrected for total atmospheric effects, including molecular scattering, gaseous absorptions, and aerosol effects. Partial atmosphere corrected (PAC) reflectances (uncorrected for aerosols) can also be used to compute the EVI. 8 In this study, both the TOC and PAC reflectances were considered, and PAC reflectances were modeled by adding the aerosol layer over the canopy. Below, the atmospheric parameters of ρ a and T a within the isoline parameters [Eqs. (7), (10) , and (11)] describe the reflectance and transmittance of the aerosol layer. ρ a and T a are zero and unity, respectively, for TOC reflectances.
Let sensor-1 and sensor-2 be VIIRS (the source sensor) and MODIS (the target sensor), respectively. Then, the EVI for MODIS, v m , is of the form
Vegetation isoline equations can be used to relate the NIR, red, and blue reflectances of VIIRS, ρðλ n v Þ, ρðλ r v Þ, and ρðλ b v Þ, to the corresponding MODIS reflectances.
The MODIS-compatible VIIRS EVI,v m , can be derived by substituting Eqs. (13), (14) , and (15) for ρðλ n m Þ, ρðλ r m Þ, and ρðλ b m Þ in Eq. (12), respectively.
Equation (16) has four new coefficients, all of which are a function of vegetation isoline parameters and one of which also contains the EVI coefficients (C 1 , C 2 , and L). This indicates that the bias magnitude between the two EVIs changes with the soil, vegetation, and aerosol conditions and that the exact translation is possible only when these conditions are known. The four coefficients, K 1 , K 2 , K 3 , and K 4 , become 1, 0, 1, and L, respectively, when the bandpasses of the two sensors are identical. The derived MODIS-like EVI [Eq. (16) ] should also be subject to errors due to the assumptions used in the derivation of the vegetation isoline equation described above. 40 
Performance Evaluation with Numerical Experiment
A numerical experiment was conducted to evaluate the performance of the derived EVI [Eq. (16)]. The PROSAIL canopy reflectance model [47] [48] [49] and the 6S atmospheric radiative transfer model 50 were employed to simulate TOC and PAC reflectances of the VIIRS and MODIS spectral bands for a range of vegetation and atmosphere conditions. Table 1 summarizes the input parameter values and ranges used in the simulation.
Soil reflectance spectra [R s in Eq. (3)] from a 2002 MODIS field campaign in Brazil 51 were obtained. These spectra were collected using an ASD FieldSpec Pro FR (Analytical Spectral Devices Inc., Boulder, Colorado). There were 35 spectra (400 to 2500 nm at 1 nm resolution) of soils from Brasilia, Araguaia, and Tapajos, from which a mean and standard deviation (std.) were computed for every wavelength. Using these statistics, we produced five soil spectra of varying brightness (i.e., mean, mean AE 1 std:, and mean AE 2 std:) for the use in canopy reflectance modeling where the soil layer was assumed as a Lambertian surface. TOC reflectances were obtained using Eq. (3) where reflectances over the vegetated area were obtained using PROSAIL. As described in the previous section, we considered TOC reflectances as total atmosphere corrected reflectances and assumed an aerosol atmosphere to simulate PAC reflectances. Reflectances, transmittances, and spherical albedos of the aerosol atmosphere computed with the 6S (ρ a , T 2 a , and R a ) were added to the TOC reflectances using Eq. (2). All simulations were performed at 1 nm spectral resolution. The simulated reflectance spectra were spectrally convolved to VIIRS and MODIS bandpass reflectances using their respective spectral response curves.
Vegetation isoline parameters were also extracted from these model simulations. (4)] were obtained by regressing VIIRS reflectances to MODIS reflectances which were obtained by convolving the five soil spectra to MODIS and VIIRS bandpasses (blue, red, or NIR). The soil line slopes for VIIRS-MODIS blue, red, and NIR bands were 0.94, 1.02, and 1.00, respectively, with offsets of −0.002, 0.001, and −0.001, respectively (the coefficients of determination for three bands were 0.995, 0.999, and 0.999, respectively). Last, two-way canopy transmittances (T 2 v ) were obtained by solving for T 2 v of Eq. (3) when ω is equal to unity and R v is approximated by ρ v (Ref. 44 ) as shown in Eq. (21) . The canopy reflectance simulated without a soil background (a perfect absorber), which is ρ v in Eq. (3), and the canopy reflectance simulated over an arbitrary soil background reflectance (R s ) of 0.14 at 850 nm, ρ p , were computed using PROSAIL. 
where v m;j is j'th sample of v m , x j is j'th sample of either v v orv m , and N is the sample size, which was equal to 46,305 in this numerical experiment. 
Sensitivity Analysis
As seen in Sec. 2, the parameters K i are a function of vegetation and atmosphere [see Eqs. (17) to (20) ]. In other words, K i vary with vegetation and atmosphere conditions. Using the same modeling conditions as in the previous section, K i sensitivities to AOT, total LAI, and fractional vegetation cover (FVC) were evaluated in this section (Fig. 3) . (Fig. 3) . The maximum and minimum K i values found in this simulation are summarized in Table 2 .
In summary, the sensitivities of K i to total LAI and AOT varied with FVC and were higher when FVC were close to the full cover. At higher FVC (∼1.0), total LAI was the main factor to influence K i except K 4 . AOT had a greater influence on K i than total LAI when the surface was partially covered with vegetation.
Optimization

Optimization Algorithm
As a first practical application of the derived equations, we considered finding a single set of K i values that minimizes differences between the MODIS-compatible VIIRS EVI and the MODIS EVI via regression and determines whether that single set of K i values could provide a reasonable level of compatibility. The simulation dataset from Sec. 3, and actual MODIS and VIIRS surface reflectance data were used in this evaluation. From the practical point of view, it is not reasonable to estimate K i values for every single spectrum for intersensor EVI translation as that requires rigorous computations, for example, inverting radiative transfer models to obtain physical variables, including AOT, LAI, chlorophyll contents, and background soil optical properties.
Since the MODIS-compatible EVI is nonlinear in K i [Eq. (16)], the optimization problem here would contain multiple local minima. In this case, the derivatives would not necessarily provide an appropriate direction to search for the optimal solution. We therefore employed the Nelder-Mead simplex method "fminsearch" in Optimization Toolbox of MATLAB® R2012b (MathWorks Inc., Natick, Massachusetts) to search for the global minimum without derivatives, but with multiple initial guesses. The mean absolute difference (MAD) between v m andv m was used as the merit function. 
This optimization algorithm was started with 100 sets of randomly distributed initial K i values and that set of K i values which resulted in the smallest merit function value [Eq. (23)], K Ã i , was selected as the optimum solution. The difference between v m and MODIS-like VIIRS EVI with Table 2 Maxima and minima of K i resulted from the simulation. 
Optimization with Simulated Data
The simulation dataset from Sec. 3 consisted of 46,305 pairs of simulated MODIS and VIIRS reflectance spectra. Parameter values obtained through the optimization reduced systematic errors between MODIS-compatible VIIRS EVI and MODIS EVI successfully (Fig. 4) . The resultant parameter values were ðK
.084; 0.005; 1.131; 1.023Þ. The mean of δ 1 and δ Ã 2 were −0.008 and 0.0001. Variability of δ Ã 2 was much smaller than that of δ 1 (RMSE changed from 0.01 to 0.0017; an 83% reduction), although not as small as that of δ 2 (0.0004, see Sec. 3).
The optimal parameter values were all outside the ranges of K i found in Sec. 4 (Table 2 ). K Ã 3 , for example, was 1.131 whereas the maximum value of K 3 was 0.935. These optimal parameter values were obtained by merely and specifically minimizing the merit function on the simulated spectral dataset. In other words, this was a regression problem and, thus, the optimal parameter values could be found outside the ranges found in the physical computations in Sec. 4 .
Variability of differences between the MODIS-compatible VIIRS EVI and MODIS EVI was 83% smaller than that between VIIRS EVI and MODIS EVI. This is because if the structure of the merit function over parameter space (i.e., MAD over the reflectance space) is suitable for the function to be fit (i.e., MODIS-compatible EVI with optimum parameters, K Ã i ), the optimization would work well (variability would decrease).
Optimization with Actual Data
VIIRS and MODIS data over North America on August 2013 were obtained for testing the optimization with actual sensor data. Pairs of Aqua MODIS and VIIRS atmospherically corrected reflectance spectra on the same date at the same coordinates were extracted. The pairs were restricted to near-nadir viewing (0 to 5 view zenith angles). Since AquaMODIS and Suomi NPP VIIRS both have a 1:30 p.m. equator crossing time, their spectral measurement times were close to each other where solar zenith angle differences were ∼1 to 2 deg. The day of years (DOYs), 223 and 239 (August 11 and 27, respectively) were selected as >10;000 pairs with near-nadir view were available for the days.
Aqua MODIS bands 1 to 3 surface reflectances (L2G daily 500 m, Collection 5) were aggregated to generate 1-km-resolution data. The state quality assurance with 1-km resolution was used to screen the data (Table 3) . Suomi NPP VIIRS L2G daily 500-m surface reflectance product was used to obtain VIIRS-I1 and VIIRS-I2 data and the corresponding 1-km product was acquired for VIIRS-M3 data, which are a VIIRS Land Product Evaluation and Analysis Tool Element (Land PEATE) Archive Set 3002 [products generated by the Land PEATE using NASA Land Science Team Adjusted version of the NOAA's near-real-time Interface Data Processing Segment software]. 52 These data were generated by gridding 375-and 750-m resolution swath data into 500-m and 1-km grids, respectively. Impacts of the errors associated with gridding and coarsening spatial resolution are not discussed here. I1 and I2 data were aggregated to 1-km resolution. The land quality flags in the 1-km-resolution data were used to screen VIIRS data ( Table 3 ). The product generation algorithm (e.g., atmospheric correction) for VIIRS surface reflectance had still been under intensive validation and calibration, and was not identical to that of MODIS, inducing/increasing random and systematic errors between MODIS and VIIRS EVI. A total number of pairs of 1-km MODIS and VIIRS reflectance spectra, which satisfied the conditions (near-nadir view in specific DOYs), was 51,188. MODIS EVI minus VIIRS EVI (δ 1 ) computed using the sample data is shown in a density plot (δ 1 versus v m ) in Fig. 5(a) . There was a peak in MODIS EVI around 0.2, and many samples fell between 0.1 and 0.6 in MODIS EVI units. The mean of δ 1 and its variability (RMSE) were −0.022 and 0.039. MODIS EVI minus MODIS-compatible VIIRS EVI obtained via the optimization (δ Ã 2 ) were plotted against MODIS EVI (δ Ã 2 versus v m ) in Fig. 5(b) . The mean of δ Ã 2 and its variability were 0.001 and 0.023. Variability of δ Ã 2 was reduced from those of δ 1 (RMSE changed from 0.039 to 0.023; a 41% reduction).
A set of parameter values obtained via the optimization was ðK This was attributed to several factors including a gap between modeled and real data, differences in conditions/land cover of samples. Note that limited conditions were imposed to extract the sample data for this calibration exercise; hence, the optimum values, ðK The RMSE reduction with the MODIS-compatible EVI for actual data (41%) was lower than a half of that obtained with the simulated data (83%). The variability in the original EVI differences of actual data, δ 1 , were caused not only by systematic errors due to bandpass differences but also by geolocation errors, algorithm differences (atmospheric correction and quality flags), radiometric calibration uncertainty, and other factors. This likely limited the reduction in variability in δ Ã 2 . Table 3 Moderate-resolution imaging spectroradiometer (MODIS) state quality assurance (QA) and visible infrared imaging radiometer suite (VIIRS) land quality flags used in the optimization.
Summary and Discussion
A cross-sensor spectral transformation equation for the three-band EVI was derived based on vegetation isoline equations, aimed at intersensor EVI continuity/compatibility between MODIS and VIIRS. The derived equation contained four parameters that changed with soil, vegetation, and atmospheric conditions. Our performance evaluation verified the derivation where residual errors caused by the truncation of higher-order terms of vegetation isoline equations were acceptable. The sensitivity analysis showed that total LAI and AOT were mainly responsible for variations of the coefficients at higher and lower FVC values, respectively. A set of fixed coefficient values found with an optimization technique successfully reduced differences between the spectrally transformed MODIS-compatible VIIRS EVI and the MODIS EVI for both model-simulated and actual sensor data. The derivations introduced in this study have no limitation with respect to sensors as long as they measure the blue, red, and NIR wavelength regions. Therefore, the same methodology can be applied not only to MODIS and VIIRS, but also to other existing and future sensors, including SPOT VEGETATION, Environmental Satellite (ENVISAT) MERIS, Sentinel-3, and Global Change Observation Mission-Climate (GCOM-C) Global Imager (GLI), for data continuity/ compatibility across multiagency and/or international collaboration. The derivation should also be useful for examining multiresolution spectral compatibility of the three-band EVI involving MODIS/VIIRS and the Landsat sensor series (i.e., TM, ETM+, and Operational Land Imager), while this would require a separate study on spatial compatibility of the EVI across different spatial resolution data.
The numerical simulations used for the accuracy assessment, sensitivity analysis, and calibration exercise had a limited range of atmosphere, canopy, and soil conditions and were for a standard sun-target-sensor geometry (i.e., near-nadir and moderate sun angle). Additional studies that involve model simulations with a wider range of conditions and actual image data analyses with broader spatial and temporal coverage should be conducted to further characterize and evaluate the derived translation equation. In particular, analyses of global VIIRS and MODIS data will be required to obtain reliable optimization results.
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